By employing lens antenna arrays, the number of radio frequency (RF) chains in millimeterwave (mmWave) communications can be significantly reduced. However, most existing studies consider the phase shifters (PSs) as the main components of the analog beamformer, which may result in a significant loss of energy efficiency (EE). In this paper, we propose a switch selecting network to solve this issue, where the analog part of the beamspace MIMO system is realized by a sub-connected switch selecting network rather than the PS network. Based on the proposed architecture and inspired by the cross-entropy (CE) optimization developed in machine learning, an optimal hybrid cross-entropy (HCE)-based hybrid precoding scheme is designed to maximize the achievable sum rate, where the probability distribution of the hybrid precoder is updated by minimizing CE with unadjusted probabilities and smoothing constant. Simulation results show that the proposed HCE-based hybrid precoding can not only effectively achieve the satisfied sum-rate, but also outperform the PSs schemes concerning energy efficiency.
I. INTRODUCTION
Millimeter-wave (mmWave) massive multiple-input multipleoutput (MIMO) can achieve orders of magnitude increase in spectral efficiency, which makes it a promising technique for 5G-and-Beyond-wireless communication systems [1] - [3] . In conventional MIMO systems, each antenna requires one radio-frequency (RF) chain to realize the full freedom in terms of multiplexing gain. However, the employment of a large number of antennas in mmWave massive MIMO systems leads to a large number of RF chains, which will result in unaffordable hardware cost and power consumption [4] .
To reduce hardware cost and achieve high array gain, the hybrid analog-digital precoding has been proposed [5] [6] , where the typical analog beamformer is composed by a net-The associate editor coordinating the review of this manuscript and approving it for publication was Guan Gui . work of phase shifters (PSs) [7] , [8] . In most of existing hybrid precoding architectures, each RF chain is connected to all antennas with PSs, which requires a complex PS network at link ends [9] . To reduce the number of RF chains in mmWave massive MIMO systems, one approach of hybrid precoding was provided, which decompose the fully digital precoder into a large-dimension analog precoder and a smalldimension digital precoder [10] , [11] .
Another approach of beamspace MIMO has also been proposed by utilizing discrete lens antenna arrays to transform the conventional spatial channel into the beamspace channel [12] , [13] . Since the beamspace channel is sparse, a small number of more powerful beams is selected to reduce the dimension of the MIMO system [14] - [16] . Several beam selection algorithms have been discussed in previous works. By employing uniform linear arrays (ULA), a simple scheme for the beam selection with maximum magnitude (MM) is proposed in [13] . In [16] , X. Gao et al. proposed VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ an interference-ware beam selection (IA-BS) to address the problem of inter-users interference when the same beam is assigned to different users. However, the existing architectures still require energy-intensive analog PS network. In order to solve this issue, the switches network instead of the PSs network [17] can be applied in the analog network, as the energy consumption of the switch is much less than that of the PS. However, the optimal solution for the architecture is still an open problem.
In addition, machine learning has great advantages in structured information and massive data, and also have a wide range of applications and developments in many fields, including 5G wireless physical-layer [18] - [20] . In [18] , several potential applications based on deep learning is reviewed. In [19] , [20] , [22] , [23] , machine learning inspired hybrid precoding scheme for massive MIMO is presented, and their effectiveness has also been confirmed.
In this paper, an energy-saving switch selecting network with lens array architecture is proposed to solve the energy consumption problem, where the analog part of the proposed architecture is realized by a sub-connected switch network with lens array. By incorporating an unadjusted probability and smoothing constant to the conventional crossentropy (CE) method in machine learning [21] , a hybrid CE (HCE) based precoding scheme for the proposed architecture is further designed to maximize the achievable sumrate. Specifically, the analog precoder samples are generated according to the probability distributions, and the corresponding digital precoder samples are optimized by the classical wiener filter (WF) digital precoder scheme. Then, these hybrid precoders are weighted according to their achievable sum-rate. Then, we adopt the unadjusted probabilities and smoothing constant for updating the probability distribution of hybrid precoder by minimizing CE. Repeating such procedures, the optimal hybrid precoder with sufficient distributions is finally obtained.
The contributions in this paper are summarized as follows:
• We propose a novel sub-connected switch selecting network architecture with lens array, which is more feasible than the full digital precoding architecture.
• Based on the proposed architecture, an optimal hybrid cross-entropy (HCE)-based hybrid precoding scheme is proposed, which is close to optimal performance with a low-cost hybrid precoding architecture.
• By comparing four beamspace MIMO schemes, the proposed algorithm is verified to achieve satisfactory sum-rate performance and much higher energy efficiency (EE) than PS network schemes.
Symbol descriptions: Symbol descriptions used in this paper are defined in Table 1 .
II. SYSTEM MODEL OF MMWAVE MASSIVE MIMO
The mmWave massive MIMO system is considered in the paper, where the base station (BS) is equipped with N transmit antennas and N RF RF chains to serve K singleantenna users simultaneously.
A. TRADITIONAL MIMO IN THE SPATIAL DOMAIN
The traditional MIMO in the spatial domain is shown in Fig. 1 , in the downlink, the K × 1 received signal vector y for the K users can be presented as
where H = [h 1 , h 2 , · · · , h K ] is the channel matrix containing all users and h k ∈ C N×1 for k = 1, 2, · · · , K . P ∈ C N ×K is the precoding matrix with the total power constraint, i.e., E P 2 F = P T , where P T is the transmitted power. s = [s 1 , s 2 , · · · , s K ] T is the K × 1 vector of independent symbols for different users. And n of size K × 1 is the vector of additive white Gaussian noise (AWGN) with zero-mean and variance σ 2 .
B. BEAMSPACE MIMO
The conventional channel in the spatial domain can be converted to the beamspace channel by employing a carefully designed discrete lens array (DLA) [13] , as shown in Fig. 2 . The lens antenna array contains the array steering vectors of N orthogonal directions (beams) covering the entire angle space as [13] ,
whereφ n = 1 N n − N +1 2 , for n = 1, 2, · · · , N , represents the normalized spatial direction. α (ϕ) is the array steering vector. For the typical ULA with N antennas, we have
where τ (N ) = {l − (N − 1) /2, l = 0, 1, · · · , N − 1} is a symmetric set of indices centered around zero. The spatial direction is defined as ϕ d λ sinθ , where θ is the physical direction, λ is the antenna spacing which usually satisfies d = λ/2 at mmWave frequencies.
By employing the DLA to include negligible performance loss [14] - [16] , the beamspace MIMO can transform the conventional spatial channel to the beamspace channel to capture the channel sparsity at mmWave frequencies. Fig. 3 is a finiteresolution PS-based hybrid precoding architecture, where each RF chain is connected to all antennas via PSs. It can achieve the full array gains and the near-optimal performance. However, it usually requires a large number of phase shifters and suffers from the high cost of hardware and consumption of energy.
The system model of beamspace MIMO can be represented byỹ
whereỹ is the received signal vector in the beamspace, and the beamspace channelH is defined asH = h 1 ,h 2 , · · · ,h K , whereh k is the beamspace channel of the k-th user, theñ
In (5), the columns ofH h k correspond to N orthogonal beams whose spatial directions areφ 1 ,φ 2 , · · · ,φ N , respectively. In mmWave propagation environments, the number of predominant scatters is quite limited. To reflect the sparse scatterers of the mmWave channel, we adopt the Saleh-Valenzuela channel model [13] , [14] , [16] in the paper, which is widely used as (6), h k of the kth user can be expressed by
k denote the azimuth (AOD) and angle of arrival (AOA) of the path of kth user, respectively. a ϕ
and L is the total number of NLoS components.
C. BEAMS SELECTION
The number of more powerful elements of each beamspace channel vectorh k is much smaller than N , that is because of the limitation of the number of dominant scatters [16] . The most important property ofH is that it has a sparse structure representing the directions of the different users. It can be exploited that the number of RF chains is reduced without obvious performance loss from beam selection. Considering there are K single antenna users to be served, the received signal vector for the users in the downlink can be expressed byỹ
whereH r is the channel matrix with reduced dimension, which is caused by the sparseness of the beam spatial channel matrix due to the limited scattering, and the switching network can reduce the MIMO dimension toH r by selecting a small number of main beams. P r is the reduced-dimension precoder.
From the perspective of hardware complexity, the dimension of P r in (7) is much smaller than the full digital precoder matrix P in (1), so we can also observe that beamspace MIMO can obviously reduce the number of RF chains, the power consumption and complexity of the system as shown in Fig. 2 .
III. HYBRID PRECODING DESIGN
In this section, we first describe the proposed sub-connected switch network with lens array architecture, and then an optimal HCE-based hybrid precoding scheme is designed to maximize the achievable sum-rate.
A. PROPOSED HYBRID PRECODING ARCHITECTURE
We propose a sub-connected switch based-hybrid precoding architecture with lens array for beamspace MIMO systems to overcome the high energy consumption issue. As shown in Fig. 4 , the BS employs an N elements lens array and N RF RF chains to serve K single-antenna users. The received signalỹ ∈ C K ×1 at users can be expressed bỹ
whereF
Specifically, theF RF is achieved via PSs and switches,F RF should fulfill the following constraints.
In Fig. 4 , the analog precoder matrixF RF should be a block diagonal matrix instead of a full matrix as
where f RF n is the M ×1 analog precoder on the nth sub antenna array with M = N /N RF . Since only the switches are used, all the N elements ofF RF should belong to
Due to the special hardware constraints of (9) and (10), it is difficult to extend conventional beamspace MIMO precoding schemes [13] , [16] to the hybrid precoding algorithm based on the proposed architecture. As a result, we need to conceive an efficient precoding scheme with near-optimal performance, which is discussed in the following section.
IV. THE PROPOSED HYBRID ALGORITHM A. PROPOSED HYBRID PRECODING SCHEME
Our aim is to design the analog beamformerF RF and the digital precoderF BB to maximize the achievable sum-rate R sum , which can be presented as
where represents the set with all possible analog beamformers satisfying the constraints (10) and (11),f
BB is the kth column ofF BB , and the sum-rate R sum for a given channel realization can be presented by
where γ k refers to the signal-to-interference-plus-noise ratio (SINR) of the kth user as
To solve the problem, we first decouple the joint design ofF RF andF BB . GivenF RF , the constraints become convex, andF BB can be obtained by classical schemes based on the effective channel. Since the number of possibleF BB is finite, the optimization problem actually can be solved by trying all possibleF RF . Unfortunately, this will involve unaffordable complexity because of the large number of N . So we need to search a more intelligent scheme to reduce the complexity.
We first introduce the conventional CE method, which is a probabilistic model-based algorithm to solve the combining problem by an iterative procedure [21] . During the ith iteration, firstly, generate a random sample from a pre-specified probability distribution function. The CE method generates S possible precoder F RF S s=1 based on the probability distribution
; p (i) as the candidates, where ; p (i) represents the probability ofF (s) RF producing, and p (i) denotes the probability parameter of the ith iteration. Then, use the sample to modify the parameters of the probability distribution in order to produce a ''elitist'' samples in the next iteration. Specifically, compute the objective value R sum of all candidates, and select S elitist best candidates as elitists. Finally, update the probability distribution by minimizing the CE according to the elitists preservation. We can achieve the optimal probability distribution by repeating such procedures. However, the conventional CE requires a very large samples for finding high-quality solutions and the search parameters are generally difficult to adjust.
To overcome the disadvantages and aid convergence and reduce the sample size, we recommend the use of an unadjusted probability and smoothing constant in the conventional CE, which is labeled the HCE-based hybrid precoding algorithm. Firstly, we formulate the non-zero elements inF RF as N × 1 vector
and set the probability parameter p = [p 1 , p 2 , · · · , p N ] T , 0 ≤ p n ≤ 1. Each element of f is modeled as an independent Bernoulli random variable with a probability mass function
Thus, a family of Bernoulli pdfs associated with f can be written as
That is, first generate a random sample {f s } S s=1 from a probability distribution p (i) , and reformulate them in terms of matrix that pertain to .
During the ith iteration, as all the N non-zero elements of f belong to 1 √ N {0, 1}. After the initializing the probability distribution, we first generate the beamspace channelH in step 1.
In step 2, we then generate S possible precoder F RF S s=1 based on the probability distribution f; p (i) as samples. In step 3, according to the effective channelH s eq =HF s RF for 1 ≤ s ≤ S, we calculate the corresponding digital precoderF s BB . There are three major kinds of linear precoder schemes: the matched filter (MF), zero-forcing (ZF), and wiener filter (WF). In this paper, we adopt the classical WF digital precoder scheme with the near-optimal performance as an example, andF s BB can be calculated as (13) . We sort the calculated sum-rate in a descending sequence, and get the descending series R sum F [1] RF ≥ R sum F [2] RF ≥ · · · ≥ R sum F [S] RF . In step 6, updating P (i+1) by minimizing CE. In the conventional CE algorithm, the probability distribution is updated by minimizing CE according to the elitists' preservation, which is equivalent to solving
where ρ is the cutoff point for high-quality observations. In the paper, unadjusted probabilities for the current iteration are adopted to avoid the search parameters optimum, which is denoted by
where f
{0, 1} , j = 1, 2, · · · , N . Instead of directly updating parameter P (i+1) to P (i) , a smoothing process is adopted to avoid the local optimum, which is denoted by
where α is smoothing constant for updating p. When α = 1 the smoothing process degenerates to the original updating formulation (21) .
In step 7 to 10, we update the best candidate and reset the number of iterations without improvement. Also, we update the global number of iterations.
Finally, the optimal analog beamformer and digital precoder will be calculated asF
BB by repeating such procedure respectively until the maximum number of iterations I is met. The proposed HCE-based hybrid precoding scheme is summarized in Algorithm 1.
B. COMPUTATINAL COMPLEXITY ANALYSIS
In the subsection, the computational complexity of the proposed HCE-based hybrid precoding scheme is explained. In beamspace MIMO, the equivalent full-dimension precoder can be obtained by replacing H withH. The full dimensional precoders require O (N ) MIMO precoding for determining the N × K precoder matrix. However, O (N RF ) MIMO precoding is needed for the reduced-dimensional beamspace MIMO determined by the N RF × KH r . This reduces the hardware complexity from O (N ) to O (N RF ).
From Algorithm 1, during the ith iteration, we can observe that the complexity of the HCE-based hybrid precoding scheme only involves steps 3, 4, 5, and 6. In step 3, according to the effective channelH s eq =HF s RF for 1 ≤ s ≤ S, we calculate the corresponding digital precoderF s BB . So the complexity of the step is O SN RF K 2 . In step 4 to 5, the achievable sum rate is calculated, we adopt the classical WF digital precoder scheme, the SINR k of the kth user for the sth candidate, so the complexity of this step is O (S). And we order the sum-rate in a descend order, which is quite simple with the complexity O (S). Finally, in step 6, the probability p (i+1) is updated by (22) and (23) in a descend sort as
RF ; 6: Calculate ν j according to (22) , and update p (i+1) by (23); 7: 
RF , i = 0, i = i + 1; 8: End for 9: Sum rate: Therefore, after I iterations, the total complexity of the proposed HCE-based precoding scheme is O SN RF K 2 I , and the complexity of the proposed HCE-based hybrid precoding scheme is acceptable.
V. ENERGY EFFICIENCY
The energy efficiency (EE) is the ratio between the achievable sum-rate R sum and the entire power consumption [16] , which can be defined as,
where P BB is the power consumption of baseband, P H is the energy consumption of hardware architecture. The traditional MIMO in the spatial domain is shown in Fig. 1 , where each RF chain is connected with one antenna. In this architecture, the energy consumption of hardware only involves RF chains. So we have
where P RF is the energy consumption of the RF chains. The number of required RF chains is equal to the number of antennas, i.e., N RF = N , which is usually large for mm-wave massive MIMO systems, e.g., N RF = N = 256. The beamspace MIMO is shown in Fig. 2 , where the selecting network is composed of switches and the number of switches is equal to the number of RF chains. The beamspace MIMO can significantly reduce the number of required RF chains without obvious performance loss [16] . In this architecture we have
where P SW is the energy consumption of switch, which is much lower than P PS . The hybrid precoding architectures with fully-connected phase shifters is shown in Fig. 3 , where each RF chain is connected with all antennas of BS via phase shifters. In this architecture, we have
where P PS , P COM , P RF is the energy consumption of PS, power combiner, RF chain, respectively. The proposed sub-connected switches based precoding architecture with lens array, as shown in Fig. 4 , where each RF chain in connection with one subarray. The architecture employs an amount (N ) of energy-efficient switches. In this architecture we have
where P SP is the energy consumption of power splitter.
VI. SIMULATION RESULTS
The simulation parameters are described as follows: the BS is equipped with ULA of N = 256 antennas and N RF = 16 RF chains to serve K = 16 users simultaneously.
The mmWave MIMO channel is generated according to (6) with the following steps: Table 2 . The sum-rate performance against the conventional two-stage hybrid precoding scheme is designed for PS-based architecture [11] , and the conventional antenna selection (AS)-based hybrid precoding with switches in [17] . For the proposed HCE-based hybrid precoding scheme, we set the smoothing parameter α = 0.8, and the cutoff point for high-quality observations ρ = 0.2, number of samples S = 100, number of iterations I = 20. Fig. 5 shows that the proposed HCE algorithm outperforms the traditional CE algorithm. The proposed algorithm is superior to the traditional CE-based algorithm since the HCE algorithm only involves one additional step (i.e., step 6 in Algorithm 1) with low complexity. Moreover, we can observe from Fig. 5 that the proposed HCE-based hybrid precoding achieve much higher sum-rate than the conventional AS-based hybrid precoding, as it can get the potential array gains. Compared with the near-optimal PS-based architecture, We can observe that the proposed switch network based-architecture suffers from some loss of array gains. The performance loss is unavoidable because system architecture is not perfect, and part of the system array gain is lost. The proposed analog precoding architecture is more feasible than the full digital precoding architecture. Fig. 6 shows the EE comparison when N = 256 is fixed and N RF = K varies from 2 to 16. The energy efficiency (EE) is defined as (24) , the energy consumption is defined in section V. The parameters are summarized in Table 2 . As the number of users increases, the EE of the hybrid precoding architecture based on the lens array is enormous. The energy consumption of the full digital precoding architecture is increasing as the number of users increases. This is because of the huge energy consumption of the numerous RF chains in the fully digital precoding architecture. In Fig. 6 , it can be observed that the proposed HCE-based hybrid precoding can achieve much higher EE than the others, especially when K is not very large. Fig. 6 also shows that the EE of the twostage hybrid precoding scheme with PS-based architecture is even lower than that of the conventional AS-based hybrid precoding with switches. This is due to that as the number of users K increases, the number of PSs in PS-based architecture increases markedly. Therefore, the energy consumption of PS will be large, even higher than that of switches and RF chains. Fig. 7 and Fig. 8 shows the EE comparisons of the VOLUME 7, 2019 four schemes, with K = 4 and K = 8 respectively and N varies from 16 to 256. From Fig. 7 , it can be observed that the highest EE can always be achieved by the HCE-hybrid precoding scheme, which is based on the switch selection network architecture. Fig. 8 shows that as N grows, the EE of the HCE-based gets higher until N = 16 compared with the other three algorithms. We can also observe that the EE of the HCE-based gets higher until N = 32 compared with the CE-based hybrid precoding scheme.
VII. CONCLUSION
In this paper, we proposed a switch selecting network architecture for beamspace MIMO system, where the analog precoding is realized by a sub-connected switch network. The lens array-based hybrid precoding architecture can be equipped with 5G BS. Based on the proposed architecture, we design an HCE-based hybrid precoding algorithm by adding unadjusted probabilities and smoothing constant to the conventional CE method in machine learning to maximize the achievable sum-rate. Simulation results showed that the HCE-based hybrid precoding algorithm could achieve good performance in terms of both sum-rate and EE with low hardware complexity and low computational complexity. Furthermore, 5G BS can be a key enabler for mmWave communications. We expect that machine learning will also play a major role in the digital signal processing carried out in the baseband processor of the BS. Another promising direction is to apply deep learning [25] to enhance hybrid precoding techniques for mmWave massive MIMO. He has authored or coauthored more than 80 technical articles in journals and international conferences, and he holds ten patents. His current research interests include wireless communications, game theory, and machine learning. He received the 2016 NPU Outstanding Young Teacher Award, which is the highest research and education honors for young faculties in NPU. He has reviewed articles for many international journals.
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